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ABSTRACT

Operators choosing a LEO handover predictor can compare
published accuracies but not running costs, because no han-
dover paper reports them. We give cost the reporting dis-
cipline accuracy has. The Predictability Tax (PT) is a five-
axis cost vector read against the deployment’s budgets, and
TAXMETER produces it. Across eight published predictors,
two implementations and the live Starlink constellation, ac-
curacy spans 0.29 to 0.38 while per-decision energy spans
289x to 1,460x, and the binding budget flips from energy on
orbit to latency on the ground. The best predictor depends
on where it runs.

1 INTRODUCTION

Starlink reassigns the serving satellite of each terminal on a
fifteen-second schedule, at the 12th, 27th, 42nd and 57th sec-
ond of every minute [17], and the decision of which satellite
to hand over to has moved, in three years of publications,
from the 3GPP Event A3 comparator with no learned param-
eters [5] to plan-based MLPs [28], reinforcement learning
policies [13] and LSTM and attention stacks with up to 31,041
parameters [6, 11]. The predictor that makes this decision
runs on hardware with a power budget. It is an onboard com-
puter in the 2 to 40 W class that Wang et al. describe [27], a
roaming terminal on a 50 to 150 W vehicle supply [12], or
the network side of a direct-to-cell link whose phone pays
in battery [8]; every decision costs that platform joules and
milliseconds.

The energy and latency of that decision are not reported.
The literature evaluates handover predictors by accuracy or
F1, lead time and handover latency; in twenty papers since
2024 none reports energy, memory or tail latency per deci-
sion (§2). The key tension is that the metric set was built for
a comparator whose cost was a constant, and learned pre-
dictors turned that constant into a variable spanning three
orders of magnitude. Mobile systems papers report an infer-
ence architecture together with its energy and latency on
the device it targets [25, 31], and work that places founda-
tion models on satellites reports joules per sample [18, 22];
handover prediction has not adopted that norm.

Without energy per decision and tail latency, an operator
can choose among predictors only on accuracy, and accuracy
does not separate them. The one cost proxy the literature
does report is parameter count, and Figure 1 shows it failing
in both directions on the workload we measure. A Kalman
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Figure 1: (a) Energy per decision and (b) accuracy
against learned parameter count.

filter with no learned parameters costs 4,221 uJ per decision
in one implementation, nearly twice the 31,041-parameter
LSTM-attention stack, and a 4,929-parameter graph network
costs 13x a 27,137-parameter policy in the other. Accu-
racy stays between 0.29 and 0.38 from zero parameters
to thirty-one thousand on the synthetic workload while
energy spreads 289x to 1,460x; accuracy cannot rank these
predictors and parameter count cannot stand in for their
cost.

The handover literature therefore leaves three questions
open. (1) What does a published predictor cost per decision
on its platform, and does parameter count predict it (§5)?
(2) Does the best choice change with the platform (§5)? (3)
Which answers survive an independent reimplementation
and the live constellation (§5)? To answer them we propose
the Predictability Tax, PT, a five-axis cost vector of energy
per decision, peak memory, p99.9 latency, dollars per orbit
and carbon per gigabyte delivered, each read against the
budget of the platform the predictor runs on, whose power
ratings and deadlines are published [4, 12, 14].

TAaXMETER takes a predictor, a workload and a deployment
scenario and emits the five axes plus their worst-case budget
fraction. It carries eight predictors re-implemented from their
papers and an SGP4 Starlink workload, in two independent
implementations, A and B, the second built from the written
specification alone; B also ran on the live ephemeris of the



10,679 Starlink satellites in orbit on 3 October 2026, over
twenty cities and 28,800 of Starlink’s own decision slots. Two
implementations of one specification separate the claims that
belong to the predictors from those that belong to the code.

This paper makes four contributions. First, the binding di-
mension flips from energy on orbit to latency on the ground
for every predictor in every run, which makes the same
LSTM-attention design the heaviest item on orbit and a com-
fortable one at a gateway. Second, we price the accuracy trade
in both currencies; on live geometry the attention stack buys
about 0.1 of accuracy for two decades more energy, and a cas-
cade recovers 81% of that gain for 30% of the energy. Third,
the quantitative verdicts do not survive a second implementa-
tion, LSTM-attention taking 150% of a 5 m] satellite budget in
A and 45% in B, while the ordering and the flip survive both,
measured energy on a third host and batching. Fourth, we
release TAXMETER as implementation B with every number
behind the figures.! We do not propose a predictor, and §6
says which numbers are measured and which are modelled.

Broader impact. Handover prediction is one case of a
pattern mobile systems will meet more often, a learned com-
ponent inside a control loop whose cost lands on someone
else’s power budget. We think the discipline proposed here
applies wherever that happens, from O-RAN xApps to on-
device models that schedule a phone’s radio. For operators,
a predictor chosen from accuracy tables may not fit its plat-
form, and the same choice can be right at a gateway and
wrong on orbit. For researchers, a cost number means little
without the code and host that produced it.

2 THE REPORTING GAP AND RELATED
WORK

The twenty LEO handover and pass-window prediction pa-
pers we surveyed report accuracy or F1, lead time, handover
latency, packet delivery ratio, ping-pong rate and through-
put; none reports inference energy, memory, tail latency,
dollar cost or carbon. A survey of machine learning in satel-
lite IoT lists two related gaps for the wider field, the oversight
of limited computing resources on orbiting satellites and the
lack of distinction between space-based and ground-based
processing [3]; the satellite and ground budgets of §3 keep
those two cases apart. A hybrid rule-based strategy calls
learned approaches orders of magnitude costlier at infer-
ence without measuring them [2], and PHandover’s authors
mitigate the prediction burden rather than measure it [28].
Related work. Starlink measurement characterized its
performance and 15 s reconfiguration schedule [15, 17],
and the predictors we audit followed [6, 9, 11, 13, 28]. Re-
search on direct-to-device access [19], the wider family

Ihttps://github.com/hanabhp/TaxMeter, which also logs the eleven places
where the written specification left the harness open.
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that direct-to-cell belongs to, proposes run-time decisions
of the same kind. They range from switching among LEO,
GEO and hybrid paths on Doppler, load and application
QoS [20] to reinforcement-learning satellite beamforming
and ground-based LLM-driven resource management [21],
and their costs belong in the same report. Our method
follows the inference-energy literature [10, 24] and our
budgets the onboard-computing literature [4, 27]. Pantheon
and Puffer ran many published schemes behind one interface
and found that ranking depends on conditions the originals
did not vary [29, 30]; Sadok et al. and Mogul and Wilkes
argued for reporting disciplines of the same kind [16, 23].

3 THE PREDICTABILITY TAX

For a predictor P on a workload W we define
PT(P,W) = (E,M,L,D,C),

with E the per-decision energy in joules, M the peak mem-
ory in megabytes, L the p99.9 single-decision latency in mil-
liseconds, D the dollar cost per 90-minute orbit and C the
operational carbon per gigabyte delivered by the host. A
deployment scenario supplies a budget for each axis. The
worst-case fraction PT* = max; (PT;/budget,) is the number
an operator reads first, and the axis that attains the maxi-
mum is the binding dimension. We keep the vector because
the axes do not collapse into one; which axis hurts depends
on the platform.

Energy. We time one forward pass with Python’s nanosec-
ond counter and multiply the mean wall-clock time by the
scenario’s thermal design power, a proxy whose error §6
discusses. We chose p99.9 because a predictor that misses
a hard 10 ms xApp deadline once in ten thousand calls is
not deployable [14]. Memory is the peak of ten calls under
tracemalloc plus parameter storage; dollars combine grid
energy at 0.12 USD per kWh with memory at cloud prices.
Carbon multiplies energy by 350 g COze per kWh for the
2023 U.S. grid [26] or an assumed 50 g in orbit, and never
changes a ranking.

Deployment budgets. The satellite scenario assumes a
15 W onboard computer, between the 7.1 W peak measured
for orbital edge computing [4] and the 10 to 40 W ratings
of radiation-tolerant payload computers [27]. Assuming one
decision per terminal every 10 s for 3,000 terminals, 5 mJ per
decision holds the predictor to 10% of that computer, with
a soft 100 ms deadline and 64 MB of memory. The ground
scenario is a Near-RT RIC host at 150 W with the 10 ms
end of the xApp control loop that ScalO-RAN measures [14],
a 500 mJ energy allowance and 512 MB. PT is a reporting
requirement first and a selection rule second, choosing the
most accurate predictor that fits every budget.
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Figure 2: The TAXMETER pipeline from constellation
to the five-axis report.

4 TAXMETER AND TWO
IMPLEMENTATIONS

TAXMETER is a single-command tool. taxmeter measure
—predictor lstm-attn -scenario satellite —output
report.csv loads the workload, runs the protocol and writes
the five axes with their budget fractions. The pipeline has
three bands, shown in Figure 2. Stage o builds the 1,584-
satellite 53° shell of the Starlink Gen-1 constellation licensed
in FCC order 21-48 [7] and propagates it with SGP4 over
four hours for five cities on three continents. Stage @) con-
verts geometry to RSRP through a Ku-band link budget with
shadowing and scintillation, and stage 9 emits one event
per 10 s with a serving satellite, up to five candidates with
RSRP history and ephemeris, and the candidate with the best
RSRP five seconds later as label.

Stage @ holds the eight predictors. Four are rules, the
3GPP A3 comparator [5], a greedy max-RSRP scan, a per-
candidate constant-velocity Kalman filter on elevation,
and the geometric extrapolation of PreHO [9]. Four are
learned, the MLP of PHandover [28], the reinforcement
learning policy of DHO [13], an LSTM with two attention
heads [6, 11], and a two-layer graph attention network. We
re-implemented each in pure NumPy from its paper, the
version an engineer who reads the paper obtains first, and
trained weights in PyTorch; the two DRL-derived policies
are trained supervised, which makes their accuracies lower

bounds and leaves their cost unaffected. A PyTorch forward
pass keeps the cost order of the learned predictors with
full decision agreement, and caught a first graph layer that
scored every candidate alike.

Stages @ and @ run the protocol, 300 sampled events,
20 warm-up and 50 timed calls per event, 15,000 timed infer-
ences in all, with memory read over ten calls and energy as
mean wall-clock time times the scenario TDP, then repeat it
on a held-out 20%.

Why two implementations. A cost audit has to reim-
plement the predictors, and every reimplementation makes
choices; our parameter counts differ from the published ones
for three of the four learned predictors (Table 1). Cost is also
far more sensitive to those choices than accuracy, since in-
terpreter overhead rather than arithmetic sets most of it (§5).
We therefore built the harness twice.? Implementation A is
our original harness; implementation B was built from the
written specification alone, without access to A’s code, on a
different host.> Where A and B agree, the claim belongs to
the predictors; where they disagree, it belongs to the code,
and a third host in §5 shows which.

5 WHAT SURVIVES TWO
IMPLEMENTATIONS

Implementations A and B are listed side by side in Table 1;
the first three observations below hold in both.

Spread inside the band. In A and in B the accuracies sit
between 0.29 and 0.38, apart from A’s Kalman, and the per-
decision energies span 5 to 7,499 pJ in A and 15 to 4,221 yJ in
B. A3 and Greedy tie on accuracy because the hysteresis gate
decides whether to hand over and not where. The synthetic
band in Figure 3(a) is flat because a five-second-ahead best
target is dominated by geometry every predictor sees and
by scintillation none can see; the live run below shows what
heavy predictors buy on real geometry.

The flip. Reading the costs against the two budgets in
Figure 3(b) decides which axis binds; under the satellite sce-
nario energy attains PT; , for all eight predictors in A and

sat
in B. Under the ground scenario latency attains PT;n g for

all eight in B and for the five lighter predictors in A, whose
three heaviest sit at 11 to 15% of both ground axes. The
LSTM-attention design that is the heaviest item on orbit is a
comfortable one at a gateway. An accuracy column cannot
carry this information, and the flip reproduced in every cell
pair we compared.

2Implementation B, the experiments run on it and the figures were produced
with the assistance of a generative Al system (Anthropic’s Claude), which
also helped draft and edit the text. Every reported number traces to a
released run file, and the author takes full responsibility for the content.
3The stated 31,041 for LSTM-attention reproduces exactly as an
LSTM(6—64) with a 4—64 candidate embedding, three 64x64 projections
and a scalar combine.
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Table 1: Eight predictors under two implementations with both deployment budgets.

Params Acc. E (1)) Logg (ms)  PTy,, (%) PT;n 4 (%) binds
Predictor stated B A B A B A B A B A B sattognd
3GPP-A3 0 0 0.370 0.338 5 36 0.005 0.028 0.1 0.7 0.05 03 EtoL
Greedy 0 0 0.370 0.338 12 15 0.018 0.017 0.2 03 02 02 EtoL
Kalman 0 0 0.523 0.363 490 4,221 0.115 1.283 9.8 844 12 128 EtoL
PreHO-Geo 0 0 0.337 0.363 177 223 0.079 0.078 3.5 45 08 08 EtoL
PHandover-MLP 9,473 8,865 0.353 0.380 807 224 0.172 0.061 16.1 45 17 06 EtoL
GNN-DRL 4,929 4,853 0.370 0.378 1,513 1,954 0.293 0.773 30.3 39.1 3.0 7.7 EtoEL
DHO-DRL 27,137 28,326 0.293 0.362 5,775 149 0.824 0.042 BEEHN 3.0 11.6 04 EtoEL
LSTM-Attn 31,041 31,041 0.370 0.384 7,499 2,251 1.106 0.973 BELKN 45.0 150 9.7 EtoEL
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Figure 3: (a) Accuracy against energy per decision for A and B; (b) worst-case budget fraction under both scenarios.
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A3 equals Greedy and Kalman’s edge is an input. In
A, Kalman reached 0.523 because it alone received elevation
and elevation rate. B gives ephemeris to every predictor,
and Kalman falls into the band at 0.363 while the learned
predictors reach at most 0.384. The assumed premium of
heavier predictors over a filter vanished once inputs were
equalised, which asks whether the premiums in the original
papers are input-access artefacts too.

What did not survive. The energy spread is 1,460x in A
and 289x in B, and LSTM-attention takes 150% of the 5 mJ
satellite budget in A and 45% in B, crossing it at 7.5 and 2.3 m]J.
The rules and the attention stack keep their places, but the

middle of the field reorders; B’s literal Kalman loop costs
281 ps, more than its 150 ys LSTM-attention, and vectorizing
the loop cuts it to 99 ps at identical accuracy. Arithmetic does
not set this order, as Figure 4(a) shows, the failure nn-Meter
found for operation counts on mobile edge devices [31]; time
per operation spans 0.5 ns for the dense networks to 370 ns
for the Kalman loop. Bootstrap 95% intervals on p99.9 span
6 to 44% of the estimate, and B’s held-out replication moved
by up to 36% on a shared vCPU, which we first took for a
bug; it was scheduler jitter, and canonical runs now require
a pinned core.
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Live constellation. We re-ran B on the CelesTrak
ephemeris of the 10,679 Starlink satellites in orbit on 3 Oc-
tober 2026, on Starlink’s 15 s slots for six hours, about four
orbits, over twenty cities. The flip holds and LSTM-attention
takes 46% of the satellite budget, but accuracy is no longer
flat; the comparator scores 0.24 to 0.30 and the attention
stack 0.34 to 0.41. Between 14 and 75 satellites are visible
above 25°, and scoring all 75, Figure 4(b), multiplies the
graph predictor’s cost 60-fold, the MLP’s 3.9-fold and the
attention stack’s 1.3-fold.

Measured energy. On an Apple Silicon MacBook Pro we
read the chip’s power telemetry with powermetrics every
100 ms while each predictor ran single-threaded, subtracting
idle power over three interleaved 15 s repetitions. Energy
per decision ran from 3.6 uJ for Greedy to 904 pJ for the
Kalman loop, 249x against 289x in B, repetitions agreeing
within 10 to 18%. It rank-correlates at 0.98 with the 15 W
proxy on the same machine and at 0.93 with column B, while
A agrees with either at only 0.57; the same code on two hosts
agrees and different code does not, which places the A and
B disagreement in the code. The flip holds with measured
energy, and LSTM-attention takes 10% of the satellite budget,
a third verdict.

Batching. A satellite or gateway serving thousands of
terminals can score many decisions per call, removing the
per-call overhead of Figure 4(a). With every batched decision
matching its one-at-a-time counterpart, batching cuts the
attention stack’s time per decision 13-fold at a batch of 32
and 37-fold at 512 but the comparator’s up to 183-fold, and
the spread widens from 109x to 686x. At 300 decisions per
second a 100 ms deadline allows batches of about 30, where
the attention stack takes 6% of the satellite budget, a fourth
verdict.

Where each predictor wins. Applying the rule of §3 to
every budget and deadline, with the live costs and twenty-
city accuracies, gives Figure 5. Below 157 yJ the rule picks
the greedy scan, the MLP holds up to 2 mJ, and above 2.3 mJ
with a deadline over 1 ms the attention stack wins; tighter
deadlines walk the choice back down. The satellite budget
lies 2.7 m]J inside the attention stack’s region, and moving
its boundary to A’s 7.5 mJ hands that point to the graph
predictor.

A cheaper way to buy accuracy. The map suggests a
design, not only a choice. On live geometry the geometric
rule alone recovers 70% of the attention stack’s accuracy
gain over the comparator for 7% of its energy, and a cascade
that escalates to the attention stack only when the geomet-
ric rule’s two best candidates are within 0.25 dB, 23% of
decisions, recovers 81% of the gain for 30% of the energy.
Escalating on the current RSRP gap instead buys accuracy
only in proportion to energy; the useful signal is where the
satellites will be.

6 DISCUSSION

What we do not claim. The energy in Table 1 is wall-clock
time times a nameplate TDP, a shortcut the inference-energy
literature warns against [10, 24]. On the Mac the proxy over-
stated every predictor by the same factor of 3.1 to 3.5, which
preserves the ordering and the spread but not the joules. We
claim the ordering and the flip, which held for every imple-
mentation and host we tried. Memory never binds, since no
published handover predictor exceeds a few hundred kilo-
bytes.

Implications. Handover papers should report energy per
decision on the target platform and p99.9 latency against its
deadline beside accuracy, and a cost audit should report its
implementation and host with every number. For payload
designers, the candidate set, fixed by latitude and constella-
tion density, prices a predictor as much as its architecture
does. The study uses public ephemeris and no personal or
human-subject data.

What comes next. These results point to a larger pro-
gram than one audit. First, predictors designed against a
budget rather than measured after it, of which the cascade
is a first instance and Figure 5 the map of where each design
belongs. Second, a shared cost benchmark for LEO predictors
in the spirit of Pantheon [30], run on flight-class comput-
ers, terminals and phones with external power meters as
GreenAuto used [25], and scored against serving satellites
identified from dish obstruction maps [1]. Third, the same
discipline for the other learned components inside mobile
control loops.



7 CONCLUSION

Does a smarter LEO handover predictor pay for itself? We
measured eight published predictors against their platforms’
budgets. On the synthetic shell accuracy stays within 0.29 to
0.38 while energy spreads 289x to 1,460x; on the live constel-
lation two decades of energy buy about 0.1 of accuracy; and
in every run the binding budget flips from energy on orbit
to latency at a gateway (Figure 3). The multipliers moved
between our two implementations, the ordering and the flip
did not. Predictor selection must read cost against the deploy-
ment, and we suspect reported accuracy premiums shrink
once predictors see the same inputs.
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